| INTRODUC TI ON
From 2007 through 2010, the Netherlands experienced the largest Q fever epidemic ever reported with over 4,000 identified human cases and 74 deaths Rijksinstituut voor Volksgezondheid en Milieu, 2017) . Q fever is mainly caused by a respiratory infection with Coxiella burnetii bacteria (Angelakis & Raoult, 2010) . Health effects include mild respiratory symptoms, pneumonia, hepatitis, endocarditis and fatigue . Besides the epidemic in the Netherlands, outbreaks have occurred worldwide, including other European countries (Brouqui, Badiaga, & Raoult, 2004; Gilsdorf et al., 2008; Gyuranecz et al., 2014; Jorm, Lightfoot, & Morgan, 1990; King et al., 2011; Lyytikäinen et al., 1998; Manfredi Selvaggi et al., 1996; Martinov, 2007; Medic et al., 2005; Porten et al., 2006; Tissot-Dupont, Amadei, Nezri, & Raoult, 2005; Wallensten et al., 2010) , the United States (Biggs et al., 2016) and Australia (Bond et al., 2016; O'Connor, Tribe, & Givney, 2015) .
In the Netherlands, dairy goats (and sheep) were associated with human infections (Roest et al.., 2010) . It was suggested that mutations in the predominant C. burnetii strain led to a changed antigenic profile, which increased virulence and-as a consequence-led to increased susceptibility of the human population (D'Amato et al., 2014; Tilburg et al., 2012) .
| 15 DE ROOIJ Et al.
The number of Q fever notifications recurrently peaked in spring and expanded both geographically and temporally over years . From December 2009, >50,000 pregnant goats and sheep from 88 bulk tank milk positive commercial farms were culled; all other goats and sheep from commercial farms were vaccinated, resulting in a sharp decrease of case notifications (Roest et al., 2010) . The epidemic caused approximately 5,800 Disability Adjusted Life Years (DALYs), mainly because of the Q fever fatigue syndrome (Brooke, Lier, Donker, Hoek, & Kretzschmar, 2014) .
Clearly, the impact on society and farmers was major. The epidemic drew considerable media attention with national and regional public health authorities being viewed as largely unprepared (Van Dijk et al., 2010) . 
Impacts
• Insights on the spatial aspects of Coxiella burnetii (bacterium that causes Q fever) have increased as a result of synthesis of studies focusing on transmission during Q fever outbreaks.
• More effective risk assessment tools have been developed in response to the largest Q fever epidemic ever reported which occurred in the Netherlands.
• Results support proper and timely risk management and risk communication during future Q fever outbreaks. (Ladbury et al., 2015) -Simple emission pro les for C. burnetii (Van Leuken, Van de Kassteele et al., 2015) -Airborne measurements in 2011 (outdoor) (De Rooij et al., 2016 ). -Review: ADMs applied to pathogenic bioaerosols -ADM applied to Dutch Q fever epidemics (Van Leuken, Van de Kassteele et al.,2015) -Exposure assessment of local epidemic in 2009 (Ladbury et al., 2015) -Spatial exposure distribution -Spatial exposure distribution with temporal dynamics -Climate change e ects on C. burnetii exposure -Environmental risk factor analysis (Van Leuken, Swart, Brandsma et al., 2016) -Dose for 50% infection and 50% illness (Brooke et al., 2013) -DALY estimations for Q fever (Brooke et al., 2014) -Reanalysis of 1983 outbreak for dose-response modelling (Brooke et al., 2015) -Spatial distribution of symptomatic/asymptomatic cases obtained knowledge and remaining knowledge gaps with respect to airborne transmission, exposure and dose-response modelling; and (c) presenting recommendations to improve rapid and informed decision-making and initiation of efficient investigations during future Q fever outbreaks.
F I G U R E 1

| ME THODS
The findings of the various studies within the multidisciplinary research programme were structured following the approach of Quantitative Microbial Risk Assessment (QMRA), with sections on source identification, source characterization, exposure assessment and risk characterization (see Figure 1 for all publications of this programme). In order to reflect the outcomes with other publications on the Dutch Q fever epidemic of 2007-2010, two systematic literature reviews were conducted. The focus of the first literature search was specifically on papers of the Dutch Q fever epidemic. The focus of the second literature search was on airborne spread of C. burnetii during Q fever epidemics that have occurred in other parts of the world, in order to obtain a full overview of knowledge on spatial aspects of C. burnetii transmission. This was then combined with the outcomes of the QMRA of the Dutch epidemic to synthesize current knowledge and discuss insights gained.
All articles obtained via the systematic literature searches were scanned regarding title, abstract and keywords. See Supporting Information Data S1 and S2 for a full description of the search queries and criteria. The first search strategy yielded 234 publications (see Supporting Information Data S1 and Table S1 ). The majority of the peer-reviewed publications were published from 2011 onwards in the aftermath of the epidemic (88.0%) (Supporting Information Figure   S1 ). Most peer-reviewed publications included microbiological or epidemiological analyses (71.8%) (Supporting Information Figure S2 ).
The second search strategy provided 258 publications, of which 52 publications remained for full-text screening. The majority of these (67%) described various (small-scale) outbreaks amongst humans that had occurred worldwide, of which half discussed the Dutch Q fever outbreak (see Supporting Information Data S2).
| QUANTITATIVE MI CROB IAL RIS K A SS E SS MENT OF THE DUTCH Q FE VER EPIDEMIC
| Source identification
Early investigations
Until 2007, Q fever cases were notified sporadically in the Netherlands (Karagiannis et al.., 2009) Most cases were later diagnosed with acute Q fever (178 cases that year) (Karagiannis et al., 2009 (Karagiannis et al., 2009 ). This was later confirmed by epidemiological investigations linking cases to large dairy goat farms (Brandsen-Schreijer et al., 2010; Hackert et al., 2012; Schimmer et al., 2010) . A major predictor was the distance between cases' residential addresses and infected farms (Karagiannis et al., 2009 ). This was also concluded in other studies: (a) serum samples of 2,004 pregnant women living in the Q fever area confirmed a relation between positive antibody titre and proximity (Van der Hoek, Meekelenkamp, et al., 2011) ; (b) a risk factor analysis based on goat serum samples from 123 farms showed that presence of another positive dairy goat farm within 8 km was a risk factor ; (c) a human population-based study with medical record data resulted in a clear distance-response relationship for Q fever (Smit et al., 2012) ; (d) humans living within 2 km from a positive farm had much higher risks of developing disease than those living further than 5 km from a positive farm (relative risk 31.1; Schimmer et al., 2010) ; and (e) spatial analyses detecting clusters of both infected farms and human cases (Commandeur, Jeurissen, Hoek, Roest, & Hermans, 2014) . A radius of 5 km was later adopted in several scientific studies and policy advices , despite a considerable residual risk at larger distances (Smit et al., 2012) .
Genome sequencing and modelling techniques
The usual approach for assessing links between potential sources and infectious disease occurrence is based on isolation and characterization of cultivated strains from cases and suspected sources. (Tilburg et al., 2012) .
Rapid decision-making during outbreaks might be improved by using modelling techniques to gain more insight into the likelihood of putative sources being positive. Modelling techniques can help narrowing down the involved source type (e.g., goats or cattle) and by constricting the area in which sampling should be performed.
This has been illustrated by Van Leuken et al. (2013) , who retrospectively showed that source identification could have been facilitated by relating Q fever incidence to farm proximity based on six-digit zip codes of notified cases and a population density database. The authors retrospectively analysed three distinct Q fever outbreaks in 2009, all with suspected exposure from one large dairy goat farm.
An exponential incidence-distance model was fitted on a spatial grid.
The model predicted the likelihood that a source was located at each individual grid cell based on the spatial distribution of cases and noncases. The three suspected goat farms all ranked first amongst all regional commercial dairy goat farms. This indicates that the number of putative sources to be investigated by microbial testing can be rapidly reduced by modelling. Major advantages of this method include its statistical robustness as compared to attack rate analyses (Brandsen-Schreijer et al., 2010; Hackert et al., 2012; , and the limited amount of data and calculation time required. Nevertheless, it should be noted that these strong findings resulted partly from the spatial distribution of infected cases in both rural and urban areas. The present model is not applicable in urban areas when the number of cases is low. Therefore, the model should be tested in different outbreak situations and with other airborne pathogens to explore its applicability under different circumstances.
Van der Hoek, Kassteele, et al. (2012) developed a technique which rapidly produced high-resolution Q fever incidence maps based on six-digit zip code observations adjusted for population clusters (cities and villages) by smoothing. These clearly showed Q fever hotspots around infected dairy goat farms. Such maps could be very useful to detect separate clusters and to (roughly) attribute cases to putative sources.
Manure as a potential source
Application of goat manure was suggested as another potential source of exposure. From June 2008, it was prohibited to remove manure from stables of positive farms, and from 2009, a stringent hygiene protocol became mandatory for manure handling (Roest et al., 2010) . C. burnetii DNA has been detected in manure samples Van den Brom et al., 2015) , likely as a result of contamination by birth products Van den Brom et al., 2015) . Its association with Q fever in humans was investigated as well (Hermans, Jeurissen, Hackert, & Hoebe, 2014; Van den Brom et al., 2015) . However, convincing evidence for the contribution of manure to the occurrence of Q fever was not found in particular because of methodological limitations of the performed studies, including lack of adjustment for sources other than manure (presence of farms keeping goats) and limited statistical power.
| Source characterization
Investigations at farms during the epidemic (indoor) and 10%-27% (outdoor) in farms affected by culling. At the farms where no culling had taken place, these percentages were lower: 7%-22% (indoor) and 0%-23% (outdoor). However, the concentrations were too low to make inferences about the number of bacteria, and no clear temporal patterns and associations with kidding numbers were found.
Thus, even though all farms had a negative bulk tank milk status during the measurement period and despite vaccination of goats for 2 years, C. burnetii was still detected in indoor and outdoor air. As bulk tank milk tests were developed to detect within-herd prevalence of minimally 15% (van den Brom et al., 2012) , C. burnetii positive animals could have been present on bulk tank milk negative farms, thus possibly explaining these findings.
Intraherd transmission modelling
A dynamic compartmental herd transmission model, containing multiple infectious states, was developed to simulate infection dynamics within a goat herd (Hogerwerf et al., 2013) . The model was based on an infection dynamics model of C. burnetii in a French cattle herd (Courcoul et al., 2011; Courcoul, Vergu, Denis, & Beaudeau, 2010; Taurel, Guatteo, Joly, Seegers, & Beaudeau, 2011) . The occurrence of abortion waves was largely explained by the herd's demographic characteristics. The model generated relative amounts of bacteria emitted to the bulk tank milk and the stable environment.
However, neither this modelling attempt nor the sampling campaign within goat farms resulted in quantified emission rates, which are required to predict exposure levels and infection risks based on dispersion models. Therefore, defined three simple emission profiles to model exposure (see Section 2.1.3). These included two steady-state (constant in time) profiles and a log-normally shaped profile based on the epidemic curves of outbreaks.
Attempts to assess inter-herd transmission
Attempts were made to identify risk factors for transmission of C. burnetii between goat herds , sheep herds (Schimmer, Lange, Hautvast, Vellema, & Duijnhoven, 2014) and dairy cattle herds (Van Engelen et al., 2014) . Efforts were made to gain insight in direct transmission, via direct contact (e.g., via exchange of infected animals/materials) as well as indirect transmission. Proxies for direct transmission were identified (e.g., number of animal supply addresses; Schimmer et al., 2014; Van Engelen et al., 2014) , origin of straw and indirect transmission (e.g., distance
to nearest infect farm , farm region and animal density .
No further retrospective insight was gained due to a lack of data on top of a complex situation involving various transmission routes.
Not only indirect transmission played a role in the epidemic, but 
| Human expose assessment
During the epidemic, most studies focussed on source identification and/or characterization of sources. After the epidemic, the research focus shifted to the assessment of human exposure assessment and risk characterization. Several initiatives were launched to assess the exposure of humans to C. burnetii, namely exposure sampling, atmospheric dispersion modelling and spatial statistics.
Environmental sampling
Coxiella burnetii DNA was observed in 63% of the aerosol sam- 
Atmospheric dispersion modelling
An atmospheric dispersion model (ADM) is a mechanistic model simulating particle, including bioaerosol and gas dispersion through the atmosphere as a function of meteorological conditions, either retrospectively with observational meteorological data or prospectively with weather forecast data (Van Leuken, Kassteele, et al., 2015; . Three local Dutch outbreaks were retrospectively analysed to assess the correlation between observed incidence rates and ADM modelled C. burnetii exposure. Annual cumulative exposure levels were correlated to spatial information on incidence rates at the six-digit zip code level, based on two steadystate emission profiles and a log-normal emission profile related to the observed epidemic curves. Exposure levels based on the meteorological model were compared to a null model (with no spatial predictive information) and a model with decreasing concentrations as a function of distance to the source. The modelled ADM-concentrations based on steady-state emission profiles correlated better to the incidence rate data than the concentrations of the two simple non-meteorological models. Moreover, modelled cumulative concentrations appeared to be correlated to timing of disease (Ladbury et al., 2015) . 
Spatial epidemiological analyses
Next to atmospheric dispersion modelling, the spatial exposure distribution of C. burnetii and its impact on the distribution of symptomatic and asymptomatic cases were calculated by a novel spatial statistical model . The spatial distribution of 200 notified cases in an at-risk population was translated into a smooth spatial field of dose.
The Q fever hotspot area was situated in the south of the Netherlands. However, a considerable number of goat farms in other parts of the country were positive too, whereas the number of notified human cases in these regions was limited. Therefore, several hypotheses arose including a high heterogeneity in shedding rates amongst farms , regional diversity in Q fever awareness , presence of multiple C. burnetii strains with different virulence and/or the effect of environmental conditions on C. burnetii transmission.
Van der Hoek, Hunink, Vellema, and Droogers (2011) showed an association of human Q fever incidence with regional annual average PM10 concentrations; however, no adjustment was made for the geographical distribution of goat farms making interpretations of the findings difficult (Reedijk, Leuken, & Hoek, 2013) .
A statistical risk factor analysis at a national scale was performed by . Spatial incidence distribution was predicted as a function of modelled C. burnetii concentrations (based on assumed emission patterns), vegetation density, soil moisture, soil erosion sensitivity and land use, using a zero-inflated regression model. Modelled airborne concentration was the most important predictor for Q fever incidence, followed by a protective effect of vegetation density.
| Risk characterization
Dose-response modelling
Exposure to one or more pathogenic microorganisms may lead to colonization and subsequently to infection, but not always to dis- The probability of a single viable bacterium causing human infection was estimated at 44% (4%-59%). As a result, C. burnetii should be considered highly infectious.
Next, a large Q fever outbreak in Switzerland in 1983 was reanalysed to extend the dose-response model (Brooke, Mutters, Péter, Kretzschmar, & Teunis, 2015) . Data included serological information on symptomatic and asymptomatic cases as a function of age, gender and distance between residential addresses and the source. The interaction effect of age and gender and the main effect of gender on the probability of (symptomatic) illness was (borderline) significant (gender × age OR: 0.97 (95% confidence interval 0.95-1.00), gender OR: 5.00 (1.82-14.01). The ratio of symptomatic to asymptomatic cases decreased with distance from the source.
By using the improved dose-response model in combination with the smoothed exposure model, Brooke, Kretzschmar, et al.
(2017) predicted a median of 611 asymptomatic infections next to 220 symptomatic cases (i.e., 26.5% being symptomatic). Although this number was only based on observations at short distances to a source, it differs from the generally accepted number of 40% in the international literature and the value of 7%
reported in an earlier study based on a much larger area (Van der Hoek, Hogema, et al., 2012) . 
Health impact
For the complete duration of the epidemic (2007) (2008) (2009) (2010) , the mean number of Disability Adjusted Life Years (DALYs) per year was estimated to be approximately 2,625 (Brooke et al., 2014) . The impact during the peak of the epidemic (2009) was calculated to be 5,800
DALYs, corresponding to 497 DALYs per 1,000 symptomatic cases (Brooke et al., 2014) . This was primarily due to long-term sequelae including the Q fever fatigue syndrome. To put this in perspective, the influenza A(H1N1)pdm09 infections in 2009 caused more DALYs in total (almost 25,000); however, the impact per 1,000 symptomatic cases was only 60 DALYs.
| SYNTHE S IS AND CON CLUS IONS
The Dutch Q fever epidemic is the best documented and most extensively studied Q fever epidemic worldwide and consequently has provided valuable insights. The findings of the multidisciplinary research programme on the Dutch Q fever epidemic further elucidated aspects of airborne transmission of C. burnetii. The programme included C. burnetii detection in aerosol samples, atmospheric dispersion modelling and dose-response analyses. Mathematical diseases modelling showed that incidence rates were related to meteorological and environmental conditions, and that infection risks were highest within several kilometres from a source farm. The dose-response relation for C. burnetii was quantified and further refined.
| Studies on worldwide Q fever epidemics
Q fever outbreaks have occurred in many countries worldwide.
Studies on these epidemics mainly used ad hoc investigations (affected area/suspected cases sampling; Bond et al., 2016; Gilsdorf et al., 2008; Gyuranecz et al., 2014; Lyytikäinen et al., 1998; Medic et al., 2005; Wallensten et al., 2010) or classical epidemiological study designs, including cross-sectional studies (Biggs et al., 2016; Jorm et al., 1990; King et al., 2011; Martinov, 2007; Porten et al., 2006) and case-control studies (Manfredi Selvaggi et al., 1996; O'Connor et al., 2015; Porten et al., 2006; Tissot-Dupont, Torres, Nezri, & Raoult, 1999) to identify associated risk factors.
Numerous studies suggested the role of the wind, particularly when either cases without contact with ruminants were observed and/or C. burnetii infections on a nearby farm were detected, but in depth analyses were lacking (Biggs et al., 2016; Bond et al., 2016; Brouqui et al., 2004; Gyuranecz et al., 2014; Jorm et al., 1990; King et al., 2011; Lyytikäinen et al., 1998; O'Connor et al., 2015; Tissot-Dupont et al., 1999) . Tissot-Dupont, Amadei, Nezri, and
Raoult (2004) went into further detail with respect to the effect of wind in relation to a cluster of Q fever cases in France. Monthly variations of Q fever incidence and sheep births over multiple years in relation to meteorological data appeared to be associated. Wallensten et al. (2010) 
| Insights in source characterization
During the Dutch epidemic, source characterization appeared to be challenging. Air samples collected in goat stables in 2012 (2 years after the end of the epidemic) contained C. burnetii DNA, although too low for quantification. As a result, quantified emission profiles
were not established and thus modelling attempts were performed with arbitrary emission rates.
Rapid source characterization in a future outbreak could contribute to better establish C. burnetii emission profiles. To this end, air samples should be taken at farms both indoor and outdoor at close distances. A similar strategy is described by Jonges et al (2015) in their attempts for assessment of an avian influenza outbreak.
Measurements should start shortly after a source is identified and, preferably, performed repeatedly over longer periods in order to obtain insight in variation over time. A within-herd infection model (Hogerwerf et al., 2013) was mainly studied by assessing trade data (Nusinovici et al., 2014; Nusinovici, Hoch, Brahim, Joly, & Beaudeau, 2015) and by assessing proxies like proper quarantine procedures (Cardinale, Esnault, Beral, Naze, & Michault, 2014) . Indirect transmission was suggested by identified crude risk factors like animal density (Lambton, Smith, Gillard, & Horigan, 2016; Nusinovici et al., 2015 Nusinovici et al., , 2014 and spatial clustering (Alvarez et al., 2012; Nogareda et al., 2013) . Pandit, Hoch, Ezanno, Beaudeau, and Vergu (2016) further researched transmissions by first combining the intraherd dynamic model of Courcoul et al. (2011) with cattle trade data to assess direct transmission, then with a Gaussian dispersion model to assess airborne transmission.
Findings indicated that airborne transmission had the ability to introduce C. burnetii in a large number of cattle herds, but the size of generated outbreaks was predicted to be small; for animal trade, opposite results were found. Nusinovici et al. (2015) linked information on temporal data of bacterial loads at herd-level with local wind direction and wind speed data. A synergistic effect was shown of strong winds and high bacterial load in source herds on the infection risk of a naive herd.
Since both studies assessed transmission between cattle herds, it would be interesting to apply this for goat herds. A major limitation of the aforementioned methods is that availability of data on concentrations of bacteria at source level is a prerequisite. However, since these are often lacking, modelling of airborne transmission between farms with only input of inter-farm distance (spatial kernel) and information on farm status (positive/negative) is an option (e.g., Boender, Meester, Gies, & Jong, 2007) . These kernel models estimate the probability of transmission as a function of the inter-farm distance assuming that each infected farm can infect neighbouring farms, this approach has been proven useful for various infectious diseases (Boender et al., 2014; Boender, Hagenaars, et al., 2007; Nassuato et al., 2013) .
| Exposure assessment opportunities
By measuring airborne concentration levels, knowledge is gained on the role of airborne transmission and sources could be detected more rapid than in epidemiological studies that need a sufficient number of cases. Preferentially, a real-time environmental surveillance network is established to continuously monitor signals of airborne zoonotic pathogens. Networks should then be strategically located in livestock dense areas for rapid detection; this is however currently unfeasible. Therefore, we recommend to collect, as soon as there is suspicion of an outbreak within a farm, besides veterinary samples also already environmental samples (see also Supporting
Information Data S4).
In the Netherlands, outdoor air sampling to assess the pres- Bacterial viability and actual concentrations could not be assessed as only DNA was measured in levels too low for quantification. This hampers firm conclusions on (temporal) exposure levels and health implications. There is no information on viable/unviable ratios of C. burnetii in the environment; however, the bacteria's potential to survive in the environment outside farms was stressed by findings of Kersh et al. (2010) . They found C. burnetii bacteria in environmental dust samples collected outside ruminant farms to be still viable and infectious (Kersh et al., 2010) . To increase knowledge on viability, combination of qPCR analyses with methods to assess viability is recommended (see Supporting Information Data S4). Promising for application on environmental samples are viability qPCR methods using dyes to assess viability of Coxiella bacteria (Mori et al., 2013) ; however, viability status is assessed of the bacteria in the sample and thus cannot account for dying of bacteria during the sampling period/due to sampling methods.
| Risk characterization improvements
Movement patterns of humans (and animals) are known to complicate spatial risk estimations. Knowledge on movement patterns and methods to take these into account are increasing. For instance, Schrödle, Held, and Rue (2011) showed the added value of applying movement network information in modelling spatio-temporal spread of C. burnetii infection in Swiss cattle. Information on cattle trade was used for this, unfortunately obtaining data on human movement patterns is more complicated. Klous et al. (2017) assessed mobility by means of GPS data collected in 2014-2016 of participants living in the region affected most by Q fever during the epidemic. It is expected that in the near future data on movement patterns will contribute to improved risk assessment.
| Conclusions
During the Dutch Q fever epidemic, risk assessors and risk managers mainly focused on source identification and characterization. Tools included sampling of (suspected) sources (predominantly of animals and animal products) and epidemiological methods. Environmental source characterization was virtually lacking. In the aftermath, the suspected link between Q fever in humans and infected goats and sheep became more firmly established. However, because of the prolonged search and identification of individual sources, implementation of systematic surveillance programmes was delayed.
Moreover, observational data were not systematically collected and not readily available for research. As a result, exposure assessments and risk characterizations were hampered. It would thus be highly recommendable protocolling data collection and exchange.
The number of microbiological and modelling techniques that are of use during an outbreak has increased since the Q fever epidemic.
Mathematical disease models may predict infection risks at locations and times for which data are unavailable. The newly developed techniques give the opportunity to better comprehend microbiological, meteorological and livestock-related processes. Furthermore, the framework of methods described in this study may be applied to outbreaks with other (zoonotic) airborne pathogens (e.g., the avian influenza virus, or Legionella spp.), although adjustments to aspects like inactivation rates and dose-response functions should be considered.
The Dutch Q fever epidemic intensified collaboration of multiple organizations. The research work enabled enhancement of a quantitative microbial risk assessment focussed on Q fever. With the current knowledge, the Dutch Q fever epidemic might have been controlled in an earlier stage. During possible future epidemics, focus should be on rapid source identification, quantification of emissions, accurate data collection, and smooth data exchange amongst relevant actors to enable effective risk assessment and risk management.
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